Abstract: Various strategies and policies have been established to facilitate technological convergence as it becomes increasingly important. However, the current status and progress direction of technological convergence is still not clear, as it is difficult to define and measure convergence phenomena. In this situation, this study examines how technological convergence has continued in Korea's information and communication technology (ICT) industry, and, further, which cooperative innovation strategies are more effective in technological convergence. In this study, the convergence level of Korean ICT is measured using patent data from 2011 to 2015. Further, this study analyzes the impact of cooperative innovation strategies on Korean ICT convergence. It is believed that, by classifying technological convergence patent applications by the scope of convergence, the declining inter-field and inter-sector technological convergence has caused a decrease in the number of technological convergence patent applications since 2011. An analysis of the correlations between the strategies and performance of technological convergence indicates that ICT firms' licensing activities play a positive role in creating technologically convergent performance. Specifically, cooperative innovation strategies for not only licensing but also external research contracts and joint research are determined to positively affect performance in inter-sector technological convergence. Meanwhile, only the licensing strategy in inter-field convergence correlates with technological convergence performance. These results will help interpret the driving forces of technological convergence.
Introduction
With accelerating technological convergence and intensifying market competition, firms are pursuing open innovation by sharing their own knowledge and strategically utilizing external capabilities, rather than traditional, internal, and closed research and development (R&D) [1] . Open innovation can be broadly defined as a cooperative innovation strategy that organizationally encourages the exploration of internal and external knowledge sources, and creates new cooperative or business opportunities by efficiently integrating them with a firm's own capabilities.
Open innovation research began in the early 2000s with conceptual studies [1] [2] [3] , and empirical studies were conducted in earnest after the mid-2000s [4] [5] [6] [7] [8] [9] [10] [11] . However, many previous studies primarily analyzed the determinants that affect cooperative innovation strategy. Further, these studies verified results through case studies of big companies or by using questionnaire surveys. Thus, only a few empirical researchers have identified the correlations between a firm's cooperative innovation strategies and its performance by utilizing actual data, and no scientific consensus exists regarding these results [12] [13] [14] .
Additionally, previous research has explained the results of changes in innovation strategy based on the "outcomes" of management and finance, such as sales, new product release times, or profit, among others. Thus, one limitation in current research involves a lack of direct explanation regarding how open innovation strategies affect technological "output". Further, few studies analyze cooperative innovation strategies' effects on technological convergence, which has only recently attracted attention as it is difficult to measure and quantify its results. Although some studies [15] [16] [17] attempt to quantitatively analyze technological convergence through various methodologies, these only approach a phenomenological analysis of the level or pattern of technological convergence. Therefore, further research is still required in areas that remain unexplored in academia, such as the drivers of technological convergence and innovation strategies' impact on technological convergence.
Therefore, this study measures the convergence levels of Korean information and communication technology (ICT) using patent data, and analyzes cooperative innovation strategies' impact on Korean ICT convergence. The differentiation and novelty in this research is as follows: First, the result of technological convergence in Korean ICT firms is measured through bibliographic patent data, and this paper introduces this as a dependent variable to evaluate the performance of firms' innovation strategies. Further, previous studies have evaluated cooperative behavior from the perspectives of financial performance, business performance, or improving production efficiency [18] [19] [20] [21] [22] [23] [24] . However, it has recently become more important to measure and evaluate technological convergence output, as firms have continued to strengthen their technologies, knowledge, and competencies to sustainably develop through technological convergence. This enables a firm to expand its opportunities to interact with other firms, supplement its deficient assets, and explore new markets and technological alternatives [25] [26] [27] .
Second, this study is noteworthy as it identifies the effect of firms' strategic innovation activities as the driving force of technological convergence, which amplifies prior phenomenological analyses of technological convergence. This study expects to broaden the discussion of cooperative innovation strategies in the absence of a clear academic consensus on these strategies' effects, as aforementioned, by empirically analyzing cooperative innovation strategies' results from the technological convergence perspective.
Third, this paper measured technological convergence levels based on bibliographic patent information, and further refined the types of cooperative innovation strategies to enhance the sophistication of its empirical analysis. Many previous studies qualitatively addressed innovation strategies, and some empirical studies treated them as dummy variables, which led a limitation to understanding cooperative innovation strategies' intensity effects [14] . Additionally, Laursen and Salter (2006) [8] , and Keupp and Grossmann (2009) [28] studied the breadth and depth of cooperative innovation, but failed to analyze performance according to the detailed types of collaborative innovation. In this situation, this study can provide important implications for the impact of cooperative innovation strategies because it analyzes the types and significances of appropriate cooperative innovation strategies according to the extent of technological convergence. This paper is composed as follows: Section 2 presents research objectives based on previous studies; Section 3 explains the methodologies, data, and estimation techniques for analysis; Section 4 discusses the empirical results; and Section 5 concludes.
Research Framework Based on Previous Studies

Identification of Technological Convergence Trend
After the first definition of convergence in the literature, as proposed by Nathan Rosenberg in the 1960s, many discussions have taken place in both academia and industry, but the definition of convergence is still ambiguous [15] . Nevertheless, as the phenomenon of convergence has recently accelerated, and various methodologies have emerged to demonstrate convergence, similarities between have been formed regarding its definitions. Generally, convergence is defined as creating new value by integrating heterogeneous technology, products, and industries [15, 29] .
The importance of the early preemption of converged technology is especially emphasized, as technological convergence has been regarded as a key driver of next-generation technological innovation [15, 30, 31] .
Therefore, technological convergence is not merely an ideological concept, but develops as a major strategic consideration, inevitably encountered in actual R&D. Actually, the Korean government has implemented national master plan supporting R&D project for technological convergence since 2008 [32] , and especially emphasized ICT convergence such as Internet of things (IoT), big data, cloud computing, and artificial intelligence (AI). However the current status and progress direction of technological convergence is still not clear, as it is difficult to define and measure convergence phenomena as mentioned above.
To reinforce R&D performance and establish policies to formulate technological convergence ecosystems, an analysis for determining technological convergence trends needs to be preemptively performed. Therefore, this paper aims to empirically analyze technological convergence phenomenon in Korea as a following research question. This paper focuses on technological convergence in ICT industry because the Korean government regards it as a core domain for facilitating technological convergence, and ICT convergence, combining ICT with other technologies, has continuously increased providing bundled digital products and services to consumers in the integrated ICT ecosystem [33, 34] . Additionally, ICT is a technology with the highest proportion of the Patent Cooperation Treaty (PCT) patent applications (39.0%) in 2013 [35] . Question 1. What are technological convergence trends in the Korean ICT industry?
To solve this question, it is important to determine how to measure the phenomenon of technological convergence. Continuous academic efforts have been made to measure the convergence phenomenon. The method of measuring convergence differs depending on how to determine the level and range of convergence-science level, technology level, and industrial level-and co-classification analysis and co-citation analysis using patent bibliographic information are widely used to measure technological convergence [15] [16] [17] 32, 36] .
Curran and Leker (2011) [15] noted that the classification codes assigned to patents include characteristics of technology. Moreover, the patent given multiple classification codes has various technical characteristics, which enables a co-classification analysis to measure the degree of technological convergence. The authors measured technological convergence between the technologies, as applied to smartphone products. Geum et al. (2012) [16] measured convergence between information and bio technology by using detailed technology information from the International Patent Classification (IPC) and US Patent Classification (USPC) systems. Further, Choi et al. (2014) [36] proposed an improved method to measure technological convergence in all industries by using a co-classification analysis method; they applied this to analyze the technological convergence patterns in major industries in Korea, such as the machinery, electronics, instrument, and chemistry industries.
These co-classification analyses-using patent classification codes as proposed by Curran and Leker (2011), Geum et al. (2012) , and Choi et al. (2015) [15] [16] [17] to measure the degree of technological convergence-have been attracting more attentions than co-citation analysis by the following advantages.
First, the co-classification analysis uses the patent classification code in the bibliographic information of the patent, which is set through a systematic process by specialized patent examiners for each patent. Therefore, information reliability for analysis is relatively higher than that of co-citation analysis, so the characteristics of technological convergence can be explained more precisely [36] . Second, patent applicant has a tendency to reduce citation information as much as possible because it is related with legal problem of invention. Therefore, co-citation analysis may underestimate convergence phenomenon [36] [37] [38] .
Impact Analysis of Cooperative Innovation Strategies on Technological Convergence
First, collaborative R&D is a cooperative activity in the technology acquisition stage that can create innovation with external parties. This includes joint research, joint training (learning), and research groups [39] [40] [41] . A firm can acquire external technology and knowledge and enhance its research competency through joint, contract research with universities, subcontractors, and competitors [42, 43] . This can also create innovation by transferring technology from these entities [44] . Additionally, cooperate activities through user participation in R&D, from prototype verification or field testing to direct participation, can have positively impact both product and process innovation [45, 46] .
Alternatively, a firm can induce collaborative innovation, from the technology acquisition stage to the utilizing of these technological assets. This is accomplished through intellectual property transaction strategies, in which the firm purchases licenses from other firms or sells its licenses. Purchasing licenses from other firms involves transferring technology to the inside, as an outsourcing of others' R&D performance, rather than a firm relying exclusively on its own R&D. Conversely, the sale of a firm's licenses means that companies can consider external organizations as business counterparts in commercializing their internal technologies and applications [7] . Licensing of ideas and intellectual property rights can more efficiently propel the acquisition and utilization of innovation performance by supplementing a lack of technology, knowledge, capabilities, or assets, and quickly spreading knowledge within companies and industries [47] .
It is necessary to create profit from innovation in the technology commercialization stage by commercializing the knowledge and innovation possessed through joint ventures and spinoffs [48, 49] . The firm in this stage attempts to co-create innovation by mutually exchanging key elements of success with heterogeneous firms and industries [50] [51] [52] .
Many empirical studies have attempted to identify the correlation between firms' cooperative innovation strategies and their performance. Tsai and Wang (2009) [53] used an industry analysis with low-and middle-level technology in Taiwan to demonstrate that innovation performance is high when working with external partners and strengthening internal R&D. An empirical analysis of Dutch innovating firms by Belderbos et al. (2004) [5] also indicated that collaboration with competitors, suppliers, customers, and universities led to improved productivity in labor and innovative sales. The authors emphasized that collaboration with suppliers and competitors has been successful in incremental innovation, while customers and universities have been found to contribute to radical innovation. Additionally, empirical studies of firms' performance-according to the number of cooperation targets, diversity of the cooperation, and the network's degree of cooperation-reveal a positive correlation between the cooperative innovation strategy and innovation performance [6, 10, 54] .
Alternatively, several researchers note that external technology cooperation does not significantly affect innovation performance. Eisenhardt and Tabrizi (1995) [55] found that knowledge exchange and integration with partner firms had little impact on technological innovation. Moreover, open innovation strategies seem to strengthen reliance on other firms' resources [56] , or even negatively impacts innovation performance, depending on the cooperation partner [9, 57] .
These authors however did not consider detailed cooperation strategies, as previous studies have illuminated cooperative innovation itself. Therefore, they have not pinpointed effective and efficient cooperative innovation strategies for corporate performance. Therefore, as the second research question, this study investigates the convergence performance according to the types of cooperative innovation strategies. Question 2. Among firms' cooperative innovation strategies, which are more effective for technological convergence?
In this paper, the types of cooperative innovation strategy are licensing, external research contracts, joint research, joint ventures, mergers and acquisition, and others. As cooperative innovation strategies, they emerged from the technology acquisition stage to the technology commercialization stage, and were selected based on Megantz's (1996 Megantz's ( , 2002 [58, 59] studies. Megantz (1996 Megantz ( , 2002 [58, 59] distinguished six cooperative innovation strategies according to the risks and rewards of technology transfer: sales, strategic alliances, licensing, joint ventures, acquisitions, and new ventures. The author suggested that strategies for the commercialization stage, such as new ventures and acquisitions, are relatively high in both risks and rewards, while sales and strategic alliances as technology acquisition stage strategies are relatively low. Further, he argues that as licensing has moderate risks and rewards, firms can use licensing as a useful cooperation strategy when complementary assets are strong but technology is low, and vice versa. This study expects to verify Megantz's discussions in terms of technological convergence.
Development uncertainty and risk especially increases with the convergence of different technologies, and firms are often faced with difficulties in convergence innovation due to a lack of technology, experience, and complementary assets in other areas. The larger is the heterogeneity in converging technologies, the greater are the transaction costs and the costs of constructing complementary assets. Instead, level of outcome on heterogeneous convergence may be higher than that on monotonous and homogeneous convergence, which indicates that a firm's innovation strategy may differ depending on the extent and scope of technological convergence [32] . Lee et al. (2017) [32] identified the effects of cooperative R&D projects' characteristics on the level of ICT convergence, and found that the project duration and small and medium firm's participation can positively influence to accomplish the higher level of technological convergence. However, they did not determine the effect of cooperative innovation strategy on the level of technological convergence. Therefore, as the last research question, this paper tries to find out how the cooperative innovation strategy can be changed according to the level of technological convergence. Question 3. How does a firm's cooperative innovation strategy depend on the scope of technological convergence?
Methodology
Measurement of Technological Convergence
This study measures technological convergence through a co-classification analysis including each firm's patent application data, as suggested by [15] [16] [17] . Korea Enterprise Data, a professional agency of database and survey, provides the patent application data, which contains International Patent Classification (IPC) codes, including technical attributes. This enables the measurement of degrees of technological convergence by analyzing the system in which the IPC codes' technical attributes are classified. The co-classification analysis must use the linkage system between IPC codes and technology domains to extract technical attribute information from a patent's IPC code; therefore, this paper introduces the IPC-Technology Concordance Table, as published by the World Intellectual Property Organization [60] . All the IPC codes are noted in this table and classified into 35 detailed fields in five sectors: Electrical Engineering, Instruments, Chemistry, Mechanical Engineering, and Other Fields (Appendix A).
The technological convergence measurement process is as follows: First, the IPC code extracted from each firm's patent is allocated to a field, of 35 in six sectors, as classified by the IPC-Technology Concordance Table. If a certain patent has multiple IPCs belonging to different field classifications in the same sector, this patent can be defined as having "inter-field technological convergence". Further, if they belong to different field classifications in different sectors, this can be defined as "inter-sector technological convergence". Consequently, this assumes a binary value of one if a patent belongs to inter-field or inter-sector technological convergence, and zero otherwise. Figure 1 illustrates the technological convergence identification process.
For example, if a patent has two IPCs, such as G09F and H04L, then its technology attribute may belong to both the "audio-visual technology and "digital communication" fields. However, as the two fields are within the electrical engineering sector, this case includes inter-field technological convergence. Alternatively, if a patent has multiple IPCs, such as H04L and C07G, one belongs to the "digital communication" field in the electrical engineering sector, and the other falls into the "biotechnology" field in the chemistry sector. Therefore, this can be considered as inter-sector technological convergence. Additionally, a patent with more than three IPCs may be identified as having both inter-field and inter-sector technological convergence if the two IPCs belong to different fields in the same sector, but the remaining IPC belongs to a different field in a different sector.
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"digital communication" field in the electrical engineering sector, and the other falls into the "biotechnology" field in the chemistry sector. Therefore, this can be considered as inter-sector technological convergence. Additionally, a patent with more than three IPCs may be identified as having both inter-field and inter-sector technological convergence if the two IPCs belong to different fields in the same sector, but the remaining IPC belongs to a different field in a different sector. This paper incorporated Choi and coworkers' (2015) research [17] to calculate the degree of technological convergence by counting the number of technological convergence patent applications and the total patent applications, as follows:
where is the degree of technological convergence of ICT firm i and application year t, and and , respectively, indicate the number of technological convergence patents and the total number of patents from ICT firm i and application year t.
This paper analyzed 3154 firms classified as ICT industry by the Korean Standard Industrial Classification system (KSIC) with more than one patent having multiple IPCs from 2011 to 2015. ICTbased technological convergence, the so-called "Smart Revolution", was introduced in the late 2000s with the spread of smart devices and the advancement of networks. In keeping with this trend, many developed countries established action plans and supporting programs, and the Korean government has continuously implemented "national master plan for technological convergence" in 2008, "basic plan for object communications" in 2009, and "basic plan for Internet of Things" in 2014 to strengthen the competitiveness of the R&D for ICT convergence. This paper focuses on the trend of technological convergence during 2011-2015 when patents were applied as a result of ICT convergence under these This paper incorporated Choi and coworkers' (2015) research [17] to calculate the degree of technological convergence by counting the number of technological convergence patent applications and the total patent applications, as follows:
where DTC it is the degree of technological convergence of ICT firm i and application year t, and CP it and P it , respectively, indicate the number of technological convergence patents and the total number of patents from ICT firm i and application year t. This paper analyzed 3154 firms classified as ICT industry by the Korean Standard Industrial Classification system (KSIC) with more than one patent having multiple IPCs from 2011 to 2015. ICT-based technological convergence, the so-called "Smart Revolution", was introduced in the late 2000s with the spread of smart devices and the advancement of networks. In keeping with this trend, many developed countries established action plans and supporting programs, and the Korean government has continuously implemented "national master plan for technological convergence" in 2008, "basic plan for object communications" in 2009, and "basic plan for Internet of Things" in 2014 to strengthen the competitiveness of the R&D for ICT convergence. This paper focuses on the trend of technological convergence during 2011-2015 when patents were applied as a result of ICT convergence under these policies. Technological convergence was consequently measured through the co-classification analysis of 15,770 samples for 3154 firms over five years.
Establishing an Integrated Database and Variables
This study's major objective involves investigating ICT firms' cooperative innovation strategies and analyzing how they relate to the results of converged innovation activities. It is necessary to combine firms' financial and business information with its patent information by using the firm name or business code as a connection link to control for the influence of firms' basic elements on technological convergence performance. Additionally, a survey of sample ICT firms' cooperative innovation activities is inevitable, as it is difficult to grasp this information from a financial, business, or patent database. Therefore, this study surveyed cooperative innovation activities in 200 of the 3154 ICT firms using a random sampling method. The selected 200 firms belong to ICT industry, and have at least one patent with two IPCs during 2011-2015. The survey was conducted by questionnaire through telephone interview and e-mail contact between 11 July 2015 and 10 October 2015. The questionnaire is composed of 19 items (for the full questionnaire, please contact the corresponding author), and, among them, important items related to this study are addressed in Appendix C. The results were linked to the surveyed firms' financial, business, and patent data, as Figure 2 illustrates. policies. Technological convergence was consequently measured through the co-classification analysis of 15,770 samples for 3154 firms over five years.
This study's major objective involves investigating ICT firms' cooperative innovation strategies and analyzing how they relate to the results of converged innovation activities. It is necessary to combine firms' financial and business information with its patent information by using the firm name or business code as a connection link to control for the influence of firms' basic elements on technological convergence performance. Additionally, a survey of sample ICT firms' cooperative innovation activities is inevitable, as it is difficult to grasp this information from a financial, business, or patent database. Therefore, this study surveyed cooperative innovation activities in 200 of the 3154 ICT firms using a random sampling method. The selected 200 firms belong to ICT industry, and have at least one patent with two IPCs during 2011-2015. The survey was conducted by questionnaire through telephone interview and e-mail contact between 11 July 2015 and 10 October 2015. The questionnaire is composed of 19 items (for the full questionnaire, please contact the corresponding author), and, among them, important items related to this study are addressed in Appendix C. The results were linked to the surveyed firms' financial, business, and patent data, as Figure 2 illustrates. The number of patents identified as inter-field and inter-sector technological convergence by the process noted in Figure 1 can be used as dependent variables in determining converged innovation performance. Additionally, the survey results from the aforementioned 200 firms account for levels of six cooperative innovation strategies, which are explanatory variables: licensing, external research contracts, joint research, joint ventures, mergers and acquisition, and others. This paper also controlled for a firm's general characteristics by introducing total capital and the total number of employees, as it is difficult to clearly distinguish input, strategy, cooperation, and performance for technological convergence from general development processes [36] . A detailed description of the variables is given in Table 1 . The number of patents identified as inter-field and inter-sector technological convergence by the process noted in Figure 1 can be used as dependent variables in determining converged innovation performance. Additionally, the survey results from the aforementioned 200 firms account for levels of six cooperative innovation strategies, which are explanatory variables: licensing, external research contracts, joint research, joint ventures, mergers and acquisition, and others. This paper also controlled for a firm's general characteristics by introducing total capital and the total number of employees, as it is difficult to clearly distinguish input, strategy, cooperation, and performance for technological convergence from general development processes [36] . A detailed description of the variables is given in Table 1 .
This paper also considers a time-lag issue between technological strategy implementations and their results. Several studies have attempted to determine the time lags between R&D activity and patenting, and discovered that it is difficult to pinpoint exact time lags, but both time-lagged and contemporaneous effects significantly exist between R&D activity and patenting [61, 62] . Additionally, the WIPO (2011) [63] assumes a one-year time lag between R&D investment and patent application. This paper considers these studies to assume that cooperative innovation strategies can influence patent applications with both contemporaneous and one-year lagged effects. Table 2 illustrates the basic statistics of these variables: 
Estimation Methods
The dependent variables, or technological convergence, provide the count data as the number of patents identified as a result of converged innovation. The count data attributes are generally discrete and non-linear [64] , which makes these independent of time, unlike continuous variables that depend on time. Therefore, the Poisson model is widely used, as this involves an analysis of count data that does not reflect continuity over time. This also incorporates a distribution of an event's probability of occurrence (dependent variable), under the assumption that the event's occurrence time is random and independent [65] . The Poisson model is known to demonstrate estimation results superior to the ordinary least squares (OLS) model for a regression analysis of count data [36] .
The Poisson model considers the distribution of the probability that a dependent variable has a value in the form of a count y i , given the rate at which events occur over a period of time, or the mean value (expectation), assuming that the event is time-independent. This is called the Poisson distribution, which can be expressed by the following Equation (2):
This equation implies that the probability that the dependent variable for observation i equals the value of the count type y i , and this is determined by the mean (expected) value at which the event occurs and the count value y i . In other words, the probability distribution, in that the dependent variable is the same as the count value y i , can be regarded as following the Poisson distribution by the mean value µ i at which the event occurs. The Poisson distribution at this time is equally dispersed, as E(y i ) = Var(y i ) = µ i . Further, the mean (expected) value at which the event occurs can be estimated as noted in Equation (3), by several explanatory variables:
This equation is a function that performs a regression analysis on the mean value (expectation) of an event occurrence for observation i with explanatory variables and regression coefficients. This Poisson model estimates regression coefficients not with the least squares estimation method, but the maximum likelihood estimation method, as the Poisson model has no error term, contrary to general linear regression analyses [36] .
Alternatively, the Poisson distribution is based on the equal dispersion assumption, but the value of the dependent variable when analyzing actual data is often biased toward a specific value, such as zero or one. Therefore, if such a situation occurs, dispersion may become over-dispersion that exceeds the average, and a complementary model is needed to reflect this problem [64] .
The negative binomial distribution expands the Poisson distribution affected by µ i into a distribution affected by µ i υ i ; υ i here is a random variable with E(ν i ) = 1 and Var(ν i ) = σ 2 . Therefore, the expectation in the negative binomial distribution is that E(y i ) = µ i equals that of the Poisson distribution; however, the variance is larger than the mean value, as Var(y i ) = µ i 1 + µ i σ 2 , which satisfies the over-dispersion assumption (Cameron and Trivedi, 2010) . If the υ i in this case follows the gamma distribution of E(ν i ) = 1 and Var(ν i ) = α, the negative binomial distribution can be expressed as Equation (4):
where Γ(·) is the gamma integral, and the negative binomial distribution indicates E(y i ) = µ i and Var(y i ) = µ i + αµ 2 i . If the variance of υ i converges to zero, or α → 0 , then the negative binomial distribution equals the Poisson distribution; thus, the Poisson distribution is a special model of the negative binomial distribution. A regression analysis of the negative binomial distribution can be similarly estimated using the Poisson model process as demonstrated in Equation (3), and by setting α as a constant [64] .
Empirical Results
Result of Technological Convergence
As a result of identifying the technological convergence for 3154 ICT firms, the following patent applications were judged as exhibiting inter-field or inter-sector technological convergence: 9211 in 2011, 5645 in 2012, 6885 in 2013, 4897 in 2014, and 1084 in 2015. The total patent applications and technological convergence patent applications merged in 2015 are inferior to those in other years due to incomplete patent application statistics, according to the most recent database year in 2015. As Table 3 and Figure 3 illustrate, the number of ICT firms' technological convergence patent applications positively correlates with the total number of patent applications, and has gradually decreased since 2011. As the number of technological convergence patent applications in 2014 decreased by 47% compared to 2011-although 2013 has rebounded compared to the previous year-the output of converged innovation activities in the Korean ICT industry has significantly decreased. Additionally, the degree of technological convergence also declined, from 0.33 in 2011 to 0.21 in 2014, and rebounded to 0.29 in 2015. However, regarding the incomplete patent application statistics in 2015, the degree of technological convergence from 2011 to 2014 has also continuously decreased, as mentioned above. It is believed that, as a result of identifying technological convergence patent applications by the scope of convergence, the decreasing inter-field and inter-sector technological convergence since 2011 has induced a decrease in the number of technological convergence patent applications. Additionally, one can observe a gradual decrease in the gap in patent applications between the two technological convergence levels, although the number of inter-field technological convergence patent applications was significantly greater than the inter-sector until 2012. As Table 4 and Figure 4 indicate, the degrees of technological convergence on both the inter-sector and inter-field levels reveal a decreasing tendency, but the width of decrease on the inter-field level is relatively larger than on the inter-sector level.
These results are parallel the results from Choi and coworkers' (2015) study [17] , which suggested that technological convergence in ICT has progressed more than other technologies since the early 2000s, with a focus on "digitally enhanced cordless telecommunications" in Korea [66] . As their study's data and results are presented as of 2010, the progressive decline in the degree of ICT convergence can be explained by the maturation of both ICT technology and its industry. It is believed that, as a result of identifying technological convergence patent applications by the scope of convergence, the decreasing inter-field and inter-sector technological convergence since 2011 has induced a decrease in the number of technological convergence patent applications. Additionally, one can observe a gradual decrease in the gap in patent applications between the two technological convergence levels, although the number of inter-field technological convergence patent applications was significantly greater than the inter-sector until 2012. As Table 4 and Figure 4 indicate, the degrees of technological convergence on both the inter-sector and inter-field levels reveal a decreasing tendency, but the width of decrease on the inter-field level is relatively larger than on the inter-sector level.
These results are parallel the results from Choi and coworkers' (2015) study [17] , which suggested that technological convergence in ICT has progressed more than other technologies since the early 2000s, with a focus on "digitally enhanced cordless telecommunications" in Korea [66] . As their study's data and results are presented as of 2010, the progressive decline in the degree of ICT convergence can be explained by the maturation of both ICT technology and its industry. 
Impact Assessment of Firms' Cooperative Innovation Strategies
This paper examined the correlation between technological convergence and cooperative innovation strategies using a Poisson model and negative binomial model. (This paper also shows the result excluding observations of 2015 having incomplete patent application statistics in Appendix B. Although there are some differences in the coefficient value and significance due to the changes in the observations, overall results are parallel to the results including 2015 by showing significance of licensing strategy in all type of convergence and that of joint research strategy in inter-sector technological convergence (in Poisson model).) A log-likelihood ratio (LR) test was conducted to determine the model's fit. Consequently, the null hypothesis, which noted that the variance of the error term is zero ( ∶ ( ) = = 0), was rejected at the 1% significance level. This is because the p-values in both the Poisson and negative binomial model were less than 0.01, which indicates the two models are suitable for the analysis. Specifically, the negative binomial model can be considered as more suitable than the Poisson model, as the over-dispersion parameter α was estimated as non-zero at the 1% significance level. Table 5 displays the results of the cooperative innovation strategies' impacts on overall technological convergence performance. Licensing was found to be the cooperative innovation strategy positively affecting the increase in technological convergence patents in both the Poisson and negative binomial models. On the one hand, regarding the contemporaneous (T) and one-year lagged (T-1) periods, the licensing activity positively affected technological convergence performance at the 1% and 5% significance levels, respectively, through which one can infer that ICT firms' convergence activities are primarily accompanied by a licensing process. These results agree with Choi and coworkers' (2014) study [46] , which posits that the introduction of external technology can strengthen technologically convergent performance.
On the other hand, the one-year lagged Poisson model revealed that the effects of both joint research and licensing increase technological convergence performance. This reflects one trend, in that many ICT firms often externally collaborate through technological convergence with universities and research institutes to overcome heterogeneous technologies, poor experiences, and insufficient capabilities and assets. However, the strategies that firms can utilize in the technology commercialization stage, such as joint ventures and mergers and acquisitions, do not significantly affect technological convergence. Total capital and laborers, which represent a firm's size and capability, significantly affect technological convergence; it can be confirmed that innovation 
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On the other hand, the one-year lagged Poisson model revealed that the effects of both joint research and licensing increase technological convergence performance. This reflects one trend, in that many ICT firms often externally collaborate through technological convergence with universities and research institutes to overcome heterogeneous technologies, poor experiences, and insufficient capabilities and assets. However, the strategies that firms can utilize in the technology commercialization stage, such as joint ventures and mergers and acquisitions, do not significantly affect technological convergence. Total capital and laborers, which represent a firm's size and capability, significantly affect technological convergence; it can be confirmed that innovation activities as well as the firm's intrinsic characteristics have some influence on technological convergence. Note: (1) The numbers in parentheses are p-values. (2) *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Unexpectedly, as shown in Table 6 , the cooperative innovation strategies that assist a firm in improving inter-sector technological convergence performance are identified as both licensing and joint research. The estimation results' levels of significance differ by model and time lag, but all conditions' results demonstrate licensing and joint research's positive effects on technological convergence. Additionally, the Poisson model, assuming contemporaneous effects, indicates that external research contracts also have positive and significant effects.
As mentioned above, a firm is motivated to decrease costs and enhance its capability in inter-sector convergence, as greater technological heterogeneity induces greater transaction costs and increases the necessity of complementary assets. Therefore, this may motivate a firm to become involved in early technology acquisition through collaborative R&D, such as external research contracts and joint research. Alternatively, such cooperative innovation strategies as joint ventures and mergers and acquisitions still have no significant effect on inter-sector convergence. Note: (1) The numbers in parentheses are p-values. (2) *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
In Table 7 , one can also observe that licensing activities only have a significant effect on the increase in inter-field technological convergence. Thus, it may be more suitable to implement other strategies, such as outsourcing R&D results and externally transferring knowledge and intellectual property, rather than becoming involved in the early stages of technology acquisition. As inter-field convergence has relatively less heterogeneity, transaction costs, and a need for complementary assets than inter-sector convergence, firms can choose efficient licensing strategies in terms of risks and rewards, as suggested by Megantz (2002) [53] . Moreover, these results are consistent with results from Choi et al. (2014) [46] , in that the external transfer of technology plays an important role in inter-field convergence. However, the result must be carefully considered that cooperative innovation activities, such as joint ventures and mergers and acquisitions, are not determined to be significant strategies in inter-field convergence. (2) *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
Conclusions
As a new engine for sustainable growth, ICT-based technological convergence is emphasized as other industries advance and the ICT industry matures. As technological convergence becomes increasingly important, many technological convergence strategies and policies have been established to facilitate this. This paper considered this situation by starting with questions regarding how technological convergence has continued in the Korean ICT industry, and which cooperative innovation strategies are more effective for technological convergence. This paper solves these questions by defining technological convergence and measuring its performance using patent data. Additionally, surveys of a large number of firms' cooperative innovation strategies-as well as linking the results with technological convergence data-facilitated an analysis of the correlation between cooperative innovation activities and technological convergence.
The Korean government has continuously implemented various plans and programs for technological convergence since 2008, and total R&D investment in Korea had been increased from 58,427 million dollars (US dollar, 2010 constant price and purchasing power parity) in 2011 to 73,720 million dollars in 2015 [67] . According to the results of this study, however, the performance of technological convergence during same period emerged to be unsatisfactory by showing that the degrees of technological convergence on both the inter-sector and inter-field levels reveal a decreasing tendency. Although the result is based on patent application information, this study suggests that the effect of the convergence policy of the country needs to be verified. To do this, various indicators and elaborate tools that can observe and measure the outcome of technological convergence should be developed, and this study is expected to provide an important step in developing such indicators and tools.
On the other hand, the analysis results indicate that despite the trend of declining technological convergence ICT firms' licensing activities play a positive role in creating technological convergent performance. Licensing is perceived as a more efficient and effective strategy for technology acquisition and utilization in the rapidly changing ICT industry, as this can decrease the direct cost burden of R&D and the risks of technology uncertainty, instead of paying royalties to the licensor. This study's results empirically confirm that this licensing strategy can assist in creating technological convergence. It indicates that Megantz's discussions for a firm to use licensing as a useful cooperation strategy can be also adopted in terms of technological convergence.
Specifically, regarding inter-sector technological convergence, cooperative innovation strategies that involve licensing, external research contracts, and joint research were determined to positively affect technological convergence performance. This is because it is more efficient for firms with inter-sector convergence having larger technological heterogeneity to use strategies that involve them in cooperative activities to acquire basic and original technologies to decrease their transaction costs and enhance their capabilities. Therefore, external research contracts and joint R&D, which are less risky and more research-oriented than licensing, also appear to be major innovation strategies in inter-sector convergence.
Meanwhile, licensing strategies only correlated with inter-field technological convergence performance. Thus, ICT firms may prefer licensing strategies to quickly and easily acquire technology while avoiding technological risk and market uncertainty, rather than other inter-field convergence strategies, in which technological heterogeneity is relatively small. Alternatively, the strategies focusing on commercialization, such as joint ventures and mergers and acquisitions, among others, did not significantly correlate with technological convergence performance.
These differences in the effect of the cooperative innovation strategy depending on convergence level revealed in this study make an implication that the government's policy or the firm's innovation strategy should be differentiated according to the purpose and scope of convergence. In other words, in the convergence between heterogeneous areas, cooperation efforts from the technology acquisition stage and systems for supporting them are needed, and it is important to activate licensing, which is a major strategy of technology utilization stage, in the convergence between homogeneous areas.
It is noteworthy that this study attempted to empirically measure this conceptual technological convergence phenomenon using patent data. Moreover, this study empirically analyzed cooperative innovation strategies' impacts on technological convergence performance, as these strategies have been discussed both theoretically and qualitatively. However, this paper has some limitations, as the regression analysis does not reflect all ICT firms despite substantial patent data, but rather, 200 samples due to the survey's difficulty. Further, significant zero data exist in the dependent and explanatory variables' data. It is anticipated that more comprehensive results can be obtained if more data are supplemented and a more refined analysis model can be applied in the future. F21H, F21K, F21L, F21S, F21V, F21W, F21Y, H01B, H01C, H01F,  H01G, H01H, H01J, H01K, H01M, H01R, H01T, H02B, H02G,  H02H, H02J, H02K, H02M, H02N, H02P, H05B, H05C Instruments Optics G02B, G02C, G02F, G03B, G03C, G03D, G03F, G03G, G03H, H01S
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